This paper examines whether the inclusion of oil price shocks of different origin as exogenous variables in a wide set of GARCH-X models improves the accuracy of their volatility forecasts for spot and 1-year time-charter tanker freight rates. Kilian's (2009) oil price shocks of different origin enter GARCH-X models which, among other stylized facts of the tanker freight rates examined, take into account the presence of asymmetric and long-memory effects. The results reveal that the inclusion of aggregate oil demand and oil-specific (precautionary) demand shocks improves significantly the accuracy of the volatility forecasts drawn.
Introduction
, while related literature has included oil price as an exogenous variable in a GARCH-X setting (Kavussanos, 1996a; Drobetz et al., 2012) . This literature developed primarily as a response to the importance of the tanker freight market for the transportation of the world's main energy source being oil and oil products and the unique stylized facts of tanker freight rates which are inherited to some extent from the stylized facts of oil price. Specifically, early research by Kavussanos (1996a,b) estimates a set of GARCH models to establish that i) freight rates and second-hand vessel prices are timevarying, ii) the volatility of larger vessel's prices is higher than the one of smaller vessels and iii) using oil price as an exogenous variable significantly improves forecasts of tanker volatility. In another study, Chen and Wang (2004) document an asymmetric (larger) effect in freight rates' volatility in response to negative changes in freight rates when compared to positive ones. Alizadeh and Nomikos (2011) reveal that freight rate volatility is related to the term structure of the freight market and this relationship is asymmetric, as volatility is higher when the freight market is in backwardation and lower when in contango. The authors document the lack of asymmetry effects in the dry bulk freight market, but their pronounced presence in the tanker freight market. Overall, the results of Kavussanos (1996a) and Drobetz et al. (2012) suggest that the inclusion of oil, as well as other macroeconomic variables (i.e. GDP growth, stock market return, interest rate yields), can improve the forecasting power of volatility models. In a related study, Tsouknidis (2016) provides evidence of large time-varying volatility spillovers within and between the dry bulk and tanker sub-segments; which are far larger during and after the period of the global financial crisis.
6
5 Backwardation is the state of the market when the futures price is below the expected future spot price, i.e. in favor of traders being "net long" in their positions. Contango refers to the opposite case.
6 Another strand of the literature aims on forecasting spot and forward prices of freight markets. For example, Cullinane (1992) and Cullinane, Mason, and Cape (1992) provide evidence on the ability of univariate ARIMA models to forecast spot freight rates. Kavussanos and Nomikos (2003) report that vector equilibrium correction models (VECM) produce accurate forecasts for spot freight prices but not for futures freight prices. Batchelor, Alizadeh, and Visvikis (2007) find that i) VECM models produce the best in-sample fit, ii) forward rates can be helpful on forecasting future spot rates, and iii) ARIMA and VAR models perform better than VECM models on forecasting forward rates. Furthermore, trading Shi, Yang, and Li (2013) investigate the relationship between tanker freight rates and oil price shocks of different origin as introduced by Kilian (2009) , who is the first to reveal that the origin of an oil-price shock determines its effect on the global economy and the stock market (Kilian and Park, 2009) . 7 Specifically, the authors adopt and extend Kilian's framework by investigating the effect of different oil price shocks on the Baltic Dirty Tankers Index (BDTI). The authors show that crude oil supply shocks have significant effects on the BDTI index, whereas the impact of crude oil demand shocks are not as significant. Overall, their results reveal that the effects of oil price shocks on tanker freight rates are weak. In related studies, Chen, Miao, Tian, Ding, and Li (2017) and Zhou (2012) examine the crosscorrelations between the West Texas International crude oil (WTI) and Baltic Exchange Dirty Tanker Index (BDTI) by employing the Multifractal Detrended Cross-Correlation Analysis (MF-DCCA). The authors show that the degree of short-term cross-correlation is higher than that in the long term and that the strength of multifractality after financial crisis is larger than that before. However, using an aggregate tanker freight rates index, such as the BDTI, misses differences (fixed effects) arising from different freight contracts,
i.e. spot vs. time-charter rates, and of vessel sizes in the tanker segment, i.e. VLCC, Suexmax, Aframax, Medium Range Product Tankers (MR), examined.
Despite the plethora of studies on modeling and forecasting volatility of tanker freight rates, the extant literature misses completely the growing empirical evidence supporting that the origin of oil price shock determines its effect to the global economy, the financial markets and the shipping sector (Kilian, 2009; Kilian and Park, 2009; Lambertides et al., 2017; Shi et al., 2013) . Filling this gap in the literature, this paper is the first to investigate if oil price shocks of different origin can improve volatility forecasts drawn from a wide set of popular GARCH models for tanker freight rates across freight contracts (spot and 1-year time charter contracts) and vessel sizes (VLCC, Suezmax, Aframax, MR).
Regarding the effects of oil price shocks of different origin to oil price and the global economy, Kilian (2009) provides empirical evidence that crude oil production disruptions cause a small and transitory increase in the real price of oil within the first year. In turn, an increase in aggregate demand for all industrial commodities causes a somewhat delayed, Extending the above rationale, we expect that different oil price shocks may affect differently the volatility forecasting power of GARCH-X models for tanker freight rates.
For example, an increase in oil price due to an unexpected crude oil supply disruption may cause an immediate decrease in the demand in the shipping market for transportation of oil.
By contrast, an oil price increase due to an unexpected increase in the global real economic activity may cause a boost in the demand in the shipping market for transportation of oil as the world's production increases and more energy resources are needed.
Another channel through which crude oil price shocks may affect tanker freight rates is through changing the level of transportation costs. Specifically, tanker vessels consume the so-called bunkers (fuel oil) whose price is highly correlated with crude oil prices. 8 An unexpected increase in crude oil price inevitably increases costs and deteriorates profitability -ceteris paribus -of the shipowners and the charterers under a spot and time-charter agreement, respectively. However, if the oil price increase is not due to a crude oil supply disruption but due to a real economic activity increase, shipowners may be able to earn a higher freight rate to compensate the increased fuel costs of their vessels. In order to reveal which of the above economic mechanisms are supported by empirical evidence, this paper examines whether oil price shocks of different origin can improve volatility forecasts of tanker freight rates across charter contracts and vessel sizes.
This study contributes to the extant literature in two ways: first, it provides empirical evidence revealing that oil price shocks carry significant information that improves the accuracy of volatility forecasts for tanker freight rates. This is achieved by including oil price shocks of different origin as exogenous variables into a wide set of popular GARCH-X models. Second, it employs a number of different GARCH models, including the second and third generation GARCH models, which are able to take into account the presence of asymmetric and long-memory effects in the tanker freight rates examined. These features of tanker freight rates have been largely neglected in the extant literature. The findings of this 8 Bunker fuel costs are considered a voyage cost and for this reason are paid by the shipowner in the case of a spot charter agreement and by the charterer in the case of a time-charter agreement.
paper bear important implications for shipping companies, oil importers and banks in their effort to quantify and hedge their risks when operating within the shipping industry. This is mainly because several of the examined tanker freight rates serve as the underlying assets for settling shipping freight derivatives contracts, such as the Forward Freight Agreements (FFA's) and freight options. As such, the forecasting exercise performed in this paper for tanker freight rates is of paramount importance for the participants in the shipping derivatives market amongst others.
The results of this paper suggest that the inclusion of aggregate oil demand and precautionary oil-specific demand shocks (price) as exogenous variables in GARCH-X models significantly improves their forecast ability in statistical terms. Specifically, the inclusion of precautionary oil-specific demand shocks leads to slightly better overall volatility forecasts when compared to aggregate oil demand shock. In contrast, the inclusion of oil supply shocks yields only modest improvements of the volatility forecasts drawn across tankers vessel sizes and freight contracts. In addition, the volatility forecasts are overall more accurate for the 1-year time-charter tanker freight rates which are known to be less volatile rather than their spot market equivalents.
The rest of the paper is organized as follows: Section 2 outlines the methodology;
Section 3 describes the data; Section 4 presents the results; Section 5 discusses the results against the existing literature; whereas Section 6 concludes the paper.
Methodology

Disentangling oil price shocks
We follow Kilian's (2009) structural VAR model in order to distinguish three oil price shocks: oil supply shock, aggregate demand shock and precautionary oil-specific demand shock. Specifically, the estimated SVAR model incorporates monthly data for the vector time series y, consisting of the percent change in global crude oil production, the measure of real activity in global industrial commodity markets and the real price of crude oil. The structural representation of the VAR model of order p is:
where y t = (∆prod t , rea t , rpo t ), is a 3x1 vector of endogenous variables, A 0 refers to the 3x3 contemporaneous coefficient matrix, c 0 represents a 3x1 vector of constant returns, A i denotes the 3x3 autoregressive coefficient matrices and ε t stands for the 3x1 vector of structural disturbances, assumed to have zero covariance and being serially uncorrelated.
∆prod t is the percentage change in world oil production, rea t is the global real economic activity for all industrial commodities 9 rpo t are the real prices of oil.
A long lag length of 24 months (p=24) is used to allow for potential delays between structural oil demand and oil supply shocks and their effect on the economy. In addition, such a long number of lags removes serial correlation effects. Previous literature on the issue, see for e.g. Kilian and Lutkepohl (2017) , has shown that introducing long lags is important in structural models of the global oil market as they take into account the low frequency co-movement between the real price of oil and the global economic activity. In order to arrive to the reduced form VAR model we multiply both sides of Eq. (1) with A −1 0 which follows a recursive structure for the reduced form errors e t to be linear combinations of the structural errors ε t as follows: 
where, ε oil supply shock 1t stands for the oil supply side shock, ε aggregate demand shock 2t denotes the aggregate demand shock, ε oil specific-demand shock 3t
captures the oil market-specific demand shock. The economic rationale for the identifying restrictions imposed in A −1 0 is explained in detail in Kilian (2009) . The reduced-form VAR model is estimated by the least squares method. The model is estimated recursively over the out-of-sample period. Subsequently, the estimates are used to construct the structural representation of the VAR model. We follow Goncalves and Kilian (2004) and make inferences on a recursive-design wild bootstrap with 2,000 replications.
GARCH modeling for tanker freight rates
Since its inception by Engle (1982) , the ARCH methodology flourished within the literature on volatility forecasting. This is evident by the plethora of models introduced to 9 The global real economic activity refers to equally weighted growth rates of freight rates for individual voyages of bulk dry cargoes. These freight rates are deflated using the US consumer price index and linearly de-trended to remove long-term trends in demand for sea transport and the effects of technological advances in ship building (Kilian, 2009). address the stylized facts of financial time series, such as clustering, asymmetry and long memory. Such characteristics are taken into consideration when selecting the GARCH models employed to forecast tanker freight rates. Specifically, we employ the GARCH model by Engle (1982) and Bollerslev (1986) ; the second-generation asymmetric models, namely the EGARCH model of Nelson (1991) , the threshold-GARCH (TGARCH) model by Glosten, Jagannathan, and Runkle (1993) , also known as the GJR-GARCH model, and the Asymmetric Power-ARCH (APARCH) model by Ding, Engle, and Granger (1993) .
Importantly, we employ two third-generation long-memory models, namely the Integrated-GARCH (IGARCH) model of Engle and Bollerslev (1986) and the Component-GARCH (CGARCH) model of Engle and Lee (1999) . A brief description of the models estimated is provided below.
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The GARCH(1,1) model of Engle (1982) and Bollerslev (1986) is expressed as:
where h 2 t is the conditional volatility and ε 2 t is the volatility news. The EGARCH model of Nelson (1991) is expressed as:
The TGARCH model of Glosten et al. (1993) is given by:
where I t is an indicator variable that equals to one if the error term ε t is negative and zero otherwise. Asymmetry arises when the γ term is statistically significant.
The APARCH by Ding et al. (1993) is given by:
The mathematical expression of the IGARCH model is similar to that of a GARCH model
(1) where α + β should be equal to 1, in order for the conditional variance to be nonstationary.
Finally, the CGARCH model by Engle and Lee (1999) is expressed as:
10 For a detailed literature review on GARCH models, please see Poon and Granger (2003) .
where q t represents long-run volatility. Finally, the error term ε t follows a t-distribution in order to better capture the fat tails of empirical distributions of the freight rates series examined (Drobetz et al., 2012) . We augment the GARCH-X models by including as exogenous variables the structural shocks identified in the SVAR model. In this way, we assess whether oil price shocks of different origin contain relevant information when drawing volatility forecasts for the tanker freight rates.
Assessing the accuracy of volatility forecasts
Both the SVAR model and the GARCH-X specifications are estimated recursively over the out-of-sample period by increasing the sample length by one observation. In other words, the initial estimation date is fixed and, once a forecast is obtained, the end in-sample date is expanded by one observation to incorporate the most recent information and the models are re-estimated.
In order to assess the accuracy of the volatility forecasts drawn, two statistical loss functions are used, namely the Mean Absolute Error (MAE) and the Mean Squared Error (MSE). We define the true volatility (σ 2 t ) by following the procedure described in Pagan and Schwert (1990) , where true volatility is proxied by the squared error from the conditional mean model of the returns estimated over the whole dataset. According to Andersen and Bollerslev (1998) and Patton (2011) , squared returns provide an unbiased estimate of true volatility.
11 The mathematical expressions for the statistical loss functions are given by:
11 If true volatility (σ 2 t ) is correctly specified, then E t−1 (r
t ; this justifies the use of squared returns as a proxy for ex-post volatility over the relevant horizon. Although the square returns provide an unbiased estimate for the latent volatility factor, it may yield very noisy measurements due to the idiosyncratic error term z 2 t (Andersen and Bollerslev, 1998) . According to Patton (2011) , several standard methods for forecast evaluation and comparison, such as the Mincer and Zarnowitz (1969) , regression, the West (1996) test and the Diebold and Mariano (1995) (employed in this study), can be applicable when such a conditionally unbiased proxy is used.
where J is the number of out-of-sample observations, h t refers to the out-of-sample forecasts and σ 2 t denotes the true volatility. The smaller the value for each statistic, the closer the forecast is to the true volatility and thus the more accurate the forecast. Subsequently, we assess the forecasting power of the estimated GARCH models by computing the MAE and MSE statistics. Both statistics account for offsetting forecast errors. However, the MAE statistic does so in a proportionate way, while the MSE penalizes large forecast errors.
Furthermore, in order to test the statistical significance of the forecasts drawn we rely on the Diebold and Mariano (1995) (DM) test. Specifically, the DM test evaluates the forecast performance of two competing models with the null hypothesis being that of equal predictive accuracy between the benchmark model and the competing model under the MAE and MSE metrics as defined in Eqs. (8) and (9).
Data description
The data examined in this study comprise average long-run historical earnings for the 
Empirical Results
As discussed earlier, this paper employs a wide set of popular GARCH-type models to explore whether the inclusion of oil price shocks of different origin improves the volatility forecasts for the spot and 1-year time charter contracts and across tanker vessels sizes. Table   1 of this paper and in the relevant literature on the issue (Kavussanos, 1996b; Kavussanos and Nomikos, 2003) . As expected GARCH models employed in this paper exhibit overall better accuracy when drawing volatility forecasts for the time-charter contracts. The results reported in Table 2 also enable comparisons between different GARCH specifications and exogenous variables used. Notably, when using the benchmark GARCH models, i.e.
without the inclusion of any exogenous variable, the IGARCH specification exhibits the lowest MAE and MSE metrics in absolute values across all GARCH specifications and freight rates examined, with the exception of spot freight rates for small tankers (Aframax and MR).
[INSERT between the two competing models, i.e. the GARCH-X model and the benchmark GARCH model estimated. The positive or negative signs included in the brackets denote which model out of the two competing models performs better in terms of statistical significance.
Specifically, a positive sign (+) indicates that the GARCH-X model is superior in drawing volatility forecasts over the benchmark GARCH model, while a negative sign (-) denotes the opposite. Table 3 presents the ratios of the MAE and the MSE statistics between each one of the GARCH-X models which include oil supply shock as an exogenous variable and the benchmark model. As observed, based on the MAE statistic, in all cases the benchmark models produce worse forecasts (higher MAE) than the augmented models, i.e. the ratio reported is below unity. However, there are three exceptions to this, namely for the Spot VLCC tanker freight rates when using the IGARCH and CGARCH models and for the Spot Aframax tanker freight rates when using the CGARCH model. 16 Accordingly, the p-values of the DM test reveal that in 29 cases out of a total of 48 (almost 60%) the null hypothesis of equal forecasting accuracy in statistical terms between the two competing models is rejected at the 5% significance level. In 28 cases out of the 29 where the null hypothesis of equal forecasting accuracy has been rejected, we observe a positive (+) sign suggesting that the alternative model -which includes the oil supply shock as an exogenous variable -outperforms the benchmark model. Thus, including the structural shock of oil supply as an exogenous variable in the GARCH-X models estimated improves overall their ability to forecast the volatility of tanker freight rates in the majority of the cases examined.
In turn, when using the MSE statistic instead of the MAE statistic, the results appear qualitatively equivalent, i.e. in almost all cases apart from the same three exceptions as before, the benchmark model performs worse (higher MSE) than the alternative model.
However, according to the Diebold-Mariano test, in 14 out of 48 cases (almost 29%) the null hypothesis of equal forecasting accuracy in statistical terms between the competing models is rejected at the 5% significance level. In 13 out of these 14 cases, we observe a positive sign (+) indicating that the alternative model which includes the oil supply shock as an exogenous variable outperforms the benchmark model. Therefore, our results on whether the inclusion of oil supply as an exogenous variable in the examined GARCH models improves freight rate volatility forecasts point to the fact that there is a weak overall 16 The only model whose forecast performance could not be examined and compared with the benchmark models is the CGARCH of the 1-year time-charter VLCC due to non-convergence in the CGARCH estimation.
improvement in volatility forecasting of tanker freight rates when oil supply shock is added in a GARCH model as an exogenous variable; which appears even weaker if we use the MSE statistic to evaluate the forecasting accuracy of the models employed.
[ INSERT TABLE 3 HERE] In turn, Table 4 reports the same results as in Overall, these results indicate that the structural shocks of aggregate oil demand and precautionary oil-specific demand shocks contain information which significantly improves the volatility forecasting accuracy of a wide set of popular GARCH models. In contrast, the inclusion of oil supply shock leads to only weak improvements in forecasting volatility in the tanker freight markets. In addition, results reported in Tables A2 to A5 of the appendix reveal the following: first, when using the GARCH models without any exogenous variable (Table A2) , the long-memory IGARCH and CGARCH models provide the most accurate volatility forecasts across the spot and 1-year time-charter rates examined, i.e. the smallest values for the MAE, MSE and RMSE metrics. Second, when including one of the three oil price shocks previously defined as an exogenous variable in the GARCH models estimated (Tables A3 up to A5) , the asymmetric EGARCH and TGARCH models exhibit the highest overall forecasting accuracy followed by the traditional GARCH model for the majority of the spot freight rates examined; while, the long-memory IGARCH and CGARCH models provide the most accurate volatility forecasts for the majority of the 1-year time-charter freight rates examined.
Discussion of the results
The inclusion of oil price as an exogenous variable in GARCH models has been documented to convey relevant information for the tanker freight rate market that would not otherwise be captured (Kavussanos, 1996a,b; Drobetz et al., 2012) . However, as the empirical results of this paper reveal such relevant information is subject to the origin of the oil price change.
The results reported in this study reveal that the inclusion of oil price shocks as exogenous variables to a wide set of popular GARCH-X models significantly improves their forecasting power for both the spot and 1-year time charter tanker freight rates. Specifically, both the aggregate oil demand shock and the precautionary oil-specific demand shock lead to higher forecasting power as measured by the MAE and MSE statistics. The statistical significance of the superior ability of these models -over the benchmark model which we assess the forecast performance of the models over time by calculating the cumulative average squared and absolute errors for each GARCH specification and across all tanker vessels examined. With the exception of EGARCH and CGARCH cases, this exercise provides additional evidence confirming that adding oil price shocks of different origin as exogenous variable in GARCH models improves significantly their forecasting performance over time. These results are available from the authors upon request.
includes no exogenous variables -is also confirmed in statistical terms with the use of the Diebold-Mariano statistic.
These results confirm our prior expectations that oil price shocks of different origin contain different kind of information regarding the underlying commodity market of oil which lead to better forecasts of the transportation cost of this commodity, i.e. the tanker freight rates. Specifically, the results of this paper reveal that an index of global real economic activity -reflecting the aggregate oil demand -as developed by Kilian (2009) contains significant information that can help GARCH models to predict tanker freight rates in a more accurate way on average. This result can be attributed to the fact that, for example, a demand increase due to a shock in the global real economic activity causes a boost in the demand for oil shipping transportation service, as higher energy resources are needed to fuel the higher level of production. In a similar manner, an increase in the oilspecific demand (precautionary) that increases the inventory levels due to an unexpected oil price increase also conveys significant information when drawing forecasts of tanker freight rates through a GARCH-X model. This can be attributed to the fact that higher demand due to expectations of an oil price increase leads to higher demand for oil shipping transportation service.
The improvement of tanker freight rates volatility forecasts appears higher overall when including the precautionary oil-specific demand shock (Table 5 ) rather than including the global aggregate oil demand shock (Table 4) . Furthermore, the inclusion of oil demand in the variance equation of the GARCH models results into better forecasts for the timecharter markets, whereas the inclusion of oil prices leads to better forecasts for the spot market. This finding is in accordance to expectations, as fluctuations in oil price shocks are expected to be more relevant to the short-run investment horizon of the spot market.
In contrast, oil demand shocks appear more relevant for the time-charter market, which is generally linked with a longer investment horizon.
Overall, when using the MAE instead of MSE statistic, the GARCH models estimated exhibit better forecasting ability across the spot and 1-yr time-charter tanker freight rates. This is expected as the MSE is generally a stricter forecasting power statistic. Forecasts for the 1yr time-charter tanker freight rates are better overall when compared to the spot tanker freight rates, when including the aggregate demand oil shock (Table 4) or the oilspecific demand shock (Table 5) as exogenous variables in the variance equation. This can be attributed to the lower volatility of the time-charter contracts when compared to their spot market equivalents.
For the spot tanker freight rates, the GARCH-X models estimated, exhibit better forecasting power in terms of the MAE statistic when using either the aggregate demand oil shock (Table 4) instead of the oil-specific demand shock (Table 5) as an exogenous variable in the variance equation. However, the opposite is true when using the MSE statistic.
For the 1yr time-charter tanker freight rates, the results are almost identical across the MAE and MSE statistics and the inclusion of the aggregate oil demand and oil-specific demand shocks. Such results reveal that, when assessing the forecasting power of GARCH-X models including oil price shocks of different origin, the selection of the relevant statistical criterion is of crucial importance.
Despite the fact that assessing the forecasting accuracy for tanker freight rates of different GARCH models estimated is not the primary purpose of this paper, the results the importance of long memory as well as asymmetry in commodity markets. To this end, this paper also reports that asymmetric GARCH models produce better forecasts when the precautionary oil-specific demand shock is included in the variance equation of the model specification across the vessel sizes VLCC, Suezmax, Aframax, yet overall the long memory GARCH models perform better. Forecasting in the shipping industry and energy markets, which are directly linked to the financial markets, has gained popularity as demonstrated by a large number of studies (Kavussanos, 1996b; Jing, Marlow, and Wangi, 2008; Drobetz et al., 2012; Wang and Wu, 2012; Alizadeh, 2013) . Such studies are aided by the tools and methodological approaches developed for forecasting shipping freight rates; while in the general finance literature a number of studies have included various economic and other parameters in the modeling process, such as implied volatility, captured by the Volatility Index (VIX), and trading volume (Lamoureux and Lastrapes, 1990; Blair, Poon, and Tay-lor, 2001; Fuertes, Kalotychou, and Todorovic, 2015; Kambouroudis and McMillan, 2016; Chao, 2016) .
Conclusion
This paper examines whether the inclusion of oil price shocks of different origin as exogenous variables in a wide set of GARCH-X models improves the accuracy of their volatility forecasts for spot and 1-year time-charter tanker freight rates. Overall, the reported results suggest that the inclusion of aggregate oil demand shocks and precautionary oil-specific demand shocks significantly improves the accuracy of the volatility forecasts drawn; while the inclusion of oil supply shock leads to only weak improvements in forecasting volatility in the tanker freight markets. These results, appear robust across freight rate contracts, Note: This table reports the mean absolute error (MAE) and mean squared error (MSE) for the benchmark GARCH models. The MAE and MSE are defined in Eqs. (8) and (9) Note: Entries report the ratio of the mean absolute error (MAE) and mean squared error (MSE) of the GARCH models augmented with oil supply shock over the same values for the benchmark model, i.e. without the oil supply shock. The sample period runs from January 1990 to December 2016. The forecasts have been obtained recursively for the period January 2004 to December 2016. P-values of the Diebold-Mariano (DM) test are reported in brackets. The null hypothesis of the DM test is that of equal predictive ability between the augmented GARCH models with oil supply shock and the benchmark GARCH model. The positive (negative) sign indicates that the competing (benchmark) model has superior performance in drawing volatility forecasts. The value "NA" denotes that the GARCH model has not converged and for this reason it was not feasible to obtain volatility forecasts. Note: Entries report the ratio of the mean absolute error (MAE) and mean squared error (MSE) of the GARCH models augmented with aggregate oil demand shock over the same values for the benchmark model, i.e. without the aggregate oil demand shock. The sample period runs from January 1990 to December 2016. The forecasts have been obtained recursively for the period January 2004 to December 2016. P-values of the Diebold-Mariano (DM) test are reported in brackets. The null hypothesis of the DM test is that of equal predictive ability between the augmented GARCH models with oil supply shock and the benchmark GARCH model. The positive (negative) sign indicates that the competing (benchmark) model has superior performance in drawing volatility forecasts. 
